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Any m
ention of com

m
ercial products w

ithin 
this presentation is for inform

ation only; it does 
not im

ply recom
m

endation or endorsem
ent by 

NIST.

NIST Disclaim
er



•
V

ideo and im
agery data can be extrem

ely helpful for public 
safety operations.

•
N

atural D
isasters, e.g.,

•
W

ildfire
•

Hurricanes
•

Earthquakes
•

Floods

•
M

an-m
ade D

isasters, e.g.,
•

Hazardous m
aterial spills

•
M

ining accidents
•

Explosions
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Source: The Guardian N
ew

spaper

Som
e recent 

natural disasters.



•
Situational aw

areness in disaster-affected areas is crucial for 
the safety and effectiveness of first responders.

•
O

ftentim
es, the com

m
unication system

s go dow
n in m

ajor 
disasters, w

hich m
akes it very difficult to get any inform

ation 
regarding the dam

age from
 affected populations.

•
A

erial im
agery can quickly provide aw

areness across w
ide 

stretches of affected regions.

•
Current analysis of aerial im

agery is largely m
anual -

autom
ated m

ethods could significantly im
prove response tim

e 
and effectiveness.
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•
Com

puter vision capabilities have rapidly advanced recently 
w

ith the popularity of deep learning.
•

Research groups have access to large im
age and video datasets for various tasks.

•
H

ow
ever, the capabilities do not m

eet public safety needs.
•

Lack of relevant training data for public safety applications.

•
M

ost current im
age and video datasets have no public safety 

hazard labels.
•

State-of-the-art system
s trained on such datasets fail to provide helpful labels.
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•
In response, the N

ew
 Jersey O

ffice of H
om

eland Security and 
M

IT Lincoln Laboratory developed a dataset of im
ages 

collected by the Civil A
ir Patrol of various natural disasters.

•
The Low

 A
ltitude D

isaster Im
agery (LA

D
I) dataset w

as 
developed as part of a larger N

IST Public Safety Innovator 
A

ccelerator Program
 (PSIA

P) grant.

•
Tw

o key properties of the dataset are:
•

Low
 altitude and oblique perspective

•
Disaster-related labels and im

agery

Training Dataset



•
The training dataset is based on the LA

D
I dataset hosted as 

part of the A
W

S Public D
ataset program

. 

•
It consists of 20,000+ annotated im

ages.

•
The im

ages are from
 the A

tlantic hurricane season.

•
Low

er altitude criteria distinguishes the LA
D

I dataset from
 

satellite datasets to support developm
ent of com

puter vision 
capabilities w

ith sm
all drones operating at low

 altitudes.

•
A

 m
inim

um
 im

age size of 4M
B

 w
as selected to m

axim
ize the 

efficiency of the crow
d source w

orkers; low
er resolution 

im
ages are harder to annotate.

Training Dataset



•
A

 pilot testing dataset of about 5 hours of video w
as 

distributed for this task. The dataset included videos from
 

U
SG

S N
epal earthquake response.

•
The testing dataset w

as segm
ented into sm

all video clips 
(shots) of a m

axim
um

 of 20 sec.

•
The videos w

ere from
 earthquake, hurricane, and flood 

affected areas.

•
Total num

ber of shots: 1825.

Testing Dataset

Shot Statistics
M

in: 2 sec
M

ax: 20 sec
M

edian: 16 sec



Testing Data: Exam
ple Videos



•
H

ierarchical labeling schem
e: 5 coarse categories, each w

ith 4-
9 m

ore specific annotations.

Testing Dataset -Categories

Dam
age

Environm
ent

Infrastructure
Vehicles

W
ater

M
isc. Dam

age
Dirt

Bridge
Aircraft

Flooding

Flooding/W
ater Dam

age
Grass

Building
Boat

Lake/Pond

Landslide
Lava

Dam
/Levee

Car
O

cean
Road W

ashout
Rocks

Pipes
Truck

Puddle

Rubble/Debris
Sand

Utility O
r Pow

er Lines/Electric Tow
ers

River/Stream

Sm
oke/Fire

Shrubs
Railw

ay

Snow
/Ice

W
ireless/Radio Com

m
unication 

Tow
ers

Trees
W

ater Tow
er

Road



•
W

e used full tim
e annotators instead of crow

dsourcing.

•
For each category, a practice page w

as created. 

•
This page included m

ultiple exam
ples for each label.

•
The annotators w

ere also given 2 videos as a test to m
ark the 

labels visible in them
.

•
This allow

ed the annotators to becom
e fam

iliarized w
ith the 

task and labels before starting a category.

Annotation



•
W

e had 2 full tim
e annotators to annotate the testing dataset. 

•
W

e used the A
m

azon A
ugm

ented A
I (A

m
azon A

2I) tool. 

•
The annotators w

orked independently on each category.

•
For each coarse category, they m

arked all the specific labels 
that w

ere present in the video.

•
To create the final ground truth, for each shot, the union of 
labels w

ere used.

Annotation



The annotators w
atch the video and m

ark the categories that are 
visible in the video. 



•
System

s are required to return a ranked list of up to 1000 shots 
for each of the 32 features. 

•
Each subm

itted run specified its training type:
•

LADI-based (L): The run only used the supplied LADI dataset for developm
ent of its 

system
.

•
Non-LADI (N): The run did not use the LADI dataset, but only trained using other 
dataset(s).

•
LADI + Others (O): The run used the LADI dataset in addition to any other dataset(s) 
for training purposes.

DSDI Task



1
2

3
4

Subm
issions9

Num
ber of Team

s

30
Num

ber of Subm
issions

21
LADI-Based Training

9
LADI + Others



•
The follow

ing evaluation m
etrics w

ere used to com
pare the 

subm
issions:

Evaluation M
etrics

M
etric

Description

Speed
Clock tim

e per inference (reported by participants).

M
ean Average 

Precision (M
AP)

Average precision is calculated for each feature, and the m
ean average 

precision reported for a subm
ission.

Recall
True positive, true negative, false positive, and false negative rates.



•
A

verage precision values for each feature categorized by 
training type.

•
21 LA

D
I-based runs ; 9 LA

D
I+O

thers-based runs

Results by Features



Results by Categories

Dam
age

(D)

Environm
ent

(E)

Infrastructure
(I)

Vehicles
(V)

W
ater
(W

)



Results by Categories

Dam
age

(D)

Environm
ent

(E)

Infrastructure
(I)

Vehicles
(V)

W
ater
(W

)



Results by Team
s



Each color represents a team
’s A

P scores.

Efficiency



●
G

raph show
s num

ber of shots containing each feature.
●

Som
e features (e.g. grass, trees, buildings, roads, etc.) occur m

uch m
ore 

frequently than others.

Total Positives for Features



F-M
easure



•
Successful pilot. Show

s need for datasets and benchm
arks in 

public safety dom
ain.

•
Challenges include:
•

Sm
all dataset and lim

ited resources for annotation.
•

Training and testing dataset should be from
 the sam

e distribution. Hard to do w
ith 

different nature of calam
ities. 

•
Team

s perform
ed reasonably w

ell on labels that w
ere w

ell 
represented in the dataset.

•
W

e plan to continue w
ith the task for 2021 w

ith sim
ilar 

am
ount of videos as testing data.

Conclusion and Future W
ork



Thank you!


